The use of predefined gene sets has become crucial in the interpretation of genomewide expression data. A limitation of the existing techniques that relate gene expression levels to gene sets is that they cannot readily be applied to time-course microarray data. The ability to attach statistical significance to the behaviour of biological processes over time would greatly contribute to understanding the complex regulatory mechanisms in the cell. We propose a statistical testing procedure based on the central limit theorem to assess the enrichment of a gene set. The technique is applied on time-course microarray data to generate gene-set specific 'activity profiles'.
Introduction
The use of predefined gene sets has become crucial in the interpretation of genomewide expression data (Curtis et al., 2005) . By examining the expression of a set of genes, which are grouped on the basis of a shared biological property, one is able to establish the possible characteristic behaviour of this gene set with respect to the experimental conditions under consideration. In a fast and easy way, this can provide insight into the active biological mechanisms or changes thereof.
A limitation of the existing techniques that relate gene expression levels with gene sets is that they cannot readily be applied to time-course microarray data. Measuring the transcriptional response to e.g., temperature changes, stress responses and developmental stages over time has become increasingly popular in the past few years. In December 2005 it was estimated that time-series experiments account for over 30% of all microarray studies (Ernst et al., 2005) . This number is expected to grow in the coming years; not only due to the decreasing cost of such experiments, but also because of the clear advantages over static expression experiments. For example, time-course analysis enables one to derive regulatory networks (Bar-Joseph et al., 2003) and investigate the regulation (in terms of reaction speed to environmental perturbations and temporal hierarchy) of the transcriptome, proteome and metabolome (Kresnowati et al., 2006) . Thus, with the emergence of time-course expression data, also rises the need for techniques that relate this data to gene sets in order to interpret the measured transcriptional response over time. The ability to monitor the activity of a biological process over time would greatly contribute to understanding the complex regulatory mechanisms in the cell.
By far, the most common way to relate gene expression levels with gene sets is through the hypergeometric test (or Fisher's exact test) (Khatri and Draghici, 2005) . For example, to test whether the genes associated with a particular Gene Ontology category (set 1) are over-represented in the set of differentially expressed genes (set 2). Basically, two sets of genes are compared to assess the significance of their overlap under the assumption (or null hypothesis) that at least one of the groups is randomly drawn from the genome.
Such an analysis has been applied to time-course data, e.g., in Kresnowati et al. (2006) . Here, clusters of yeast genes that exhibit similar expression over time are related to the functional categories of MIPS (Ruepp et al., 2004) as well as to binding targets of known transcription factors (Harbison et al., 2004) . One of the major disadvantages of this approach is that only one number (P-value) is produced for a particular cluster and gene set combination. This number conveys information regarding the significance of the overlap, but does not directly relate to the different time points of the experiment. One could look at the prototype signal of the cluster and use this as an 'activity profile' of the enriched functional category or transcription factor. However, the interpretation of different degrees of enrichment for different gene sets with respect to the same cluster and, thus, the same prototype signal becomes highly ambiguous. An additional problem of this approach lies in the fact that gene expression clustering is by no means a transparent problem. Choices concerning the clustering algorithm and number of clusters are very difficult to substantiate (D'haeseleer, 2005) . This is even more so when clustering time-series expression data (Bar-Joseph, 2004) .
We propose a statistical testing procedure based on the central limit theorem to assess the enrichment of a gene set. For every (interpolated) time point in a time-course experiment an enrichment P-value is generated, such that a gene-set specific 'activity profile' can be derived. The method employs gene scores, such as expression values or fold changes, and not a grouping based on these scores. Thus, the need for clustering in computing enrichment scores is circumvented. A gene set is enriched, when the sum of the scores of the genes in the set significantly deviates from expected sum of a randomly drawn gene set. The method can also be applied to static expression experiments. In that case, selecting a cut-off to decide which genes are differentially expressed is not necessary. The proposed method is widely applicable and its theoretical framework allows avoiding computationally expensive permutation schemes. Since for each gene set a unique activity profile can be created, it is easy to monitor the activity of a gene set over time and compare this with other gene sets. This can greatly contribute to the analysis of time-series expression data. Using several microarray datasets and comparisons with other techniques, we demonstrate the rationale and usefulness of our approach.
Methods

Enrichment computation
Given set G, which contains scalar elements (in our case gene scores) x g with g = 1 . . . G and set S, which is a subset of G (S ∈ G) and contains S elements, the following statistic is computed:
Under the assumption that each x g is an outcome (or realisation) of random variable X g and that all these random variables are i.i.d., we can estimate the mean and unbiased variance of Y (S) as follows:
Next, we compute the following Z score:
Note that this Z score resembles the one derived in Newton et al. (2006) , except for a term (G − S)/G in the variance. This difference is explained by the fact that in their random set method, S is randomly sampled without replacement from G, while our method is equivalent to S being randomly sampled with replacement from G. Although drawing a gene set from all genes in the genome is a case of sampling without replacement, our approach of approximating this by sampling with replacement conforms to the i.i.d. assumptions and thus permits application of the Central Limit Theorem (CLT). (Because of the replacement, every draw of a gene is from the same distribution, characterised by mean µ/S and variance σ 2 /S, and is independent of a previous draw.) According to the CLT, Z is standard normally distributed under the null hypothesis that S is randomly drawn with replacement from G, which we equate to S not being enriched. By employing the CLT it is easy to compute a P-value for a particular Z-score and thus give an indication of the significance of the enrichment of a particular set S. We will refer to this test as the CLT test. According to the CLT test, S is enriched when the sum of its elements significantly deviates from µ. This will either be the case when all of its elements are slightly and consistently different with respect to the average of all elements in G or when some of its elements strongly deviate (or a combination of these extreme cases). The CLT test is implemented as a two-tailed test, which means that significant results will be reached when there is over-representation of high scores (right tail) or overrepresentation of low scores (left tail).
Warnings have been issued concerning the use of the CLT in hypothesis testing, e.g., in Yates and Goodman (1999) . The approximation of the Z score (equation (4)) by a normal distribution might be poor for small S, especially in the tails, where hypothesis testing takes place. To attain more insight in this matter, we have performed several experiments that compare the CLT approximation of Z, i.e., a standard normal, with the theoretical distribution of Z. The theoretical distribution of a sum of i.i.d. random variables is obtained by convolving the pdf of the random variable of interest (Stark and Woods, 1986) . The results of this experiment for the continuous uniform distribution and a discrete uniform distribution with two outcomes are displayed in Figures 1 and 2 , respectively. These results indicate that for our range of interest (P < 0.01) the CLT approximation is always conservative, also in the case where the largest density is found in the tails of the distribution as is the case with the discrete uniform distribution in Figure 2 . This can intuitively be expected since the normal distribution has finite probabilities for any range of numbers between −∞ and ∞, while the random variable of interest has a finite range. Moreover, the deviation from the correct P-value is only large for very small S, and quickly dissolves with increasing S. The CLT test is a 'competitive' test, which means that the scores of a gene set are compared to a standard defined by either all genes or the complement of the gene set. In contrast to this is a 'self-contained' test, which compares the gene set to a fixed standard that does not depend on the measurements of genes outside the gene set. Although by far most enrichment tests are competitive tests, it has been argued that self-contained tests are more powerful and sensible to use in gene set testing (Goeman and Buhlmann, 2007) . The CLT test can be transformed to a self-contained test when a proper null hypothesis or null distribution of the gene scores can be formulated. A good example is the case where the gene scores are P-values. P-values are the results of a hypothesis test and uniformly distributed between zero and one for genes for which the null hypothesis (e.g., no differential expression) is true. Then, the mean and variance of this uniform distribution can be used in the CLT test. Note that this resolves the bias introduced by the assumption of sampling without replacement. However, for many other scores, such as ranks, or fold-changes it is not straightforward to define a null distribution. 
Application to time-course expression data
Within the setting of microarray gene expression data, set G contains a score for each gene in the genome, while S is the gene set under investigation. Using the enrichment computation as explained above, we determine the significance of the deviation of the sum of scores of the gene set from the expected sum, which is obtained under the null hypothesis that this gene set is randomly drawn from the genome. Any type of gene score can be input into the algorithm, as long as the mean and variance over all scores exist and are finite. Examples include (log) P-values, (log) fold-changes and ranks. In time course microarray experiments, there is a set of G scores for every time point t with t = 1 . . . T . The CLT test can simply be applied to gene scores at every time point separately. This will result in an enrichment score for every t, which we define as the activity profile of S. Here, interpolation techniques can be employed to exploit the dependence between time points to create many more time points and, consequently, smooth activity profiles. Also, the i.i.d. assumption (or hypothesis) can be extended to hold over time. Then, a new set, H, is defined. H contains G × T elements x gt for all genes in set G and all time points in set T. In this case, a new statistic, Y (S, τ), is computed as the sum of gene scores for the gene(s) in S (S ∈ G) at time point(s) τ (τ ∈ T):
while µ and σ (equations (2) and (3)) are determined by computing the mean and variance over all elements of H and multiplying this by the product of S and the number of time points in τ . In general, by introducing a second factor (time), different hypotheses can be posed, because there exist multiple ways to define the set from which the parameters of the null distribution are estimated, i.e., different ways of formulating the statistical test. See Figure 3 . For example, given the scores of gene set S at time points τ , we can assess its possible divergent behaviour with respect to either:
• The other genes at these time points (the time-specific scenario in Figure 3 ; TS_CLT)
• The other time points for this gene set (denoted by the gene-specific scenario in Figure 3 ; GS_CLT)
• All genes and all time points (the global scenario in Figure 3 ; G_CLT).
Special cases arise when τ (or S) consists of one time point (or gene) or all time points (or genes). Then for example, we can test divergent behaviour (differential expression) of a single gene. In this study, we limit ourselves to the analysis of gene sets at one time point t, i.e., we examine the possible divergent behaviour (enrichment) of a gene set at time point t with respect to the scores of all genes at time point t (TS_CLT) and we investigate the enrichment of a gene set at time point t given the scores of all other genes at all possible time points (G_CLT). The latter approach allows us to detect global patterns over time, e.g., when a large portion of genes in the genome becomes upregulated during the experiment.
Results
Comparison to the hypergeometric test
A common first step in the analysis of gene expression data is to find the genes that exhibit differential expression between the measured cultivation conditions, developmental stages or patient/sample classes. Most algorithms for this, such as the T-test, ANOVA and Significance Analysis of Microarrays (SAM) (Tusher et al., 2001 ) output a P-value and/or a Q-value (false discovery rate) that indicates the degree of differential expression of a gene. In order to compute the enrichment of a gene set using the hypergeometric test, a cut-off on the P-or Q-value is selected to dichotomise the genes in a group of differentially expressed and non-differentially expressed genes. For this comparison, we employ a microarray gene expression dataset of yeast grown under four different nutrient limitations in both aerobic and anaerobic chemostat cultures (Tai et al., 2005) . More specifically, differential expression between carbon-limited aerobic growth and nitrogen-limited anaerobic growth is analysed. A two-tailed T-test, comparing the two cultivation conditions, was performed for all (6383) genes in the yeast genome, resulting in a P-value for each of those genes. To compute enrichment of MIPS functional categories using the hypergeometric test, different P-value cut-offs to determine differential expression were selected, i.e., P cutoff = 5 · 10 −x with x = 2, 2.1, . . . , 4.9, 5. For the CLT test, no cut-off is selected, yet an appropriate score should be chosen as input. Here, it is sensible to use the logarithm of the P-values, since this transformation emphasises small P-values, which is similar to setting the cut-off in the hypergeometric tests at very small P-values.
From Figure 4 it is evident that both methods (the CLT test and the hypergeometric test) give highly similar results. Notably, the CLT test, is two-tailed and produces small P-values for both small and large Z scores. Thus, also gene sets that are comprised of genes with significantly large scores are considered highly enriched. In the context of the hypergeometric test, these categories are under-represented in the set of differentially expressed genes (or over-represented in the non-differentially expressed set). Although under-representation can be computed using the hypergeometric test, it is usually not done. However, the categories found here with small CLT P-values, and large Z scores, i.e., protein synthesis, cell cycle and transcription are very interesting in the light of the experimental setup of the microarray data set under consideration. In the chemostats the growth rate of yeast can be controlled and was kept constant and identical (0.1 h −1 ) for all cultivation conditions. Therefore, it is not only interesting to find differentially expressed gene sets, but also to find the categories that exhibit much less differential expression when compared to the rest of the genome, since this can provide clues to how the cell senses the limiting nutrient and regulates itself to maintain a determined growth rate.
Additionally, we analysed the ranking of the gene sets, since it is quite common not to look at the obtained enrichment score itself, but at the order of the most highly enriched gene sets. From Figure 5 we can deduce that both methods perform comparable, since the ranks of the gene sets derived with the CLT test usually fall within the variation created by the different cut-off levels used for the hypergeometric tests. However, it should be noted that gene sets can have a very different ranking (and enrichment value) based on a fundamental difference between both methods: The hypergeometric test only selects a short list of genes with extreme scores and determines over-representation of this list in a gene set, while the CLT test determines the enrichment by summing over all gene scores in the gene set. In Newton et al. (2006) the already intuitive notion that 'summing' approaches (such as the CLT test) are more powerful when the gene set under consideration contains lots of scores that deviate only a little from the mean score, and 'selection' approaches (such as the hypergeometric test) are more powerful for gene sets, which have extreme scores for a small number of genes, was proven using an artificial data set. In real data sets, both sorts of gene sets will be present to a more or less pronounced degree. Therefore, both approaches can have benefits in practice, and possibly complement each other. However, we conjecture that for general data interpretation the results are reasonably equivalent. Similar results were obtained using different two-class and multi-class comparisons within this dataset, as well as between different cultivation conditions in other yeast chemostat microarray data sets and between poor and good prognosis samples from the metastasis dataset, which is described in detail in the next section. (Results not shown.) Figure 4 Comparison of the enrichment P-values for all MIPS categories with more than ten genes, obtained with both the hypergeometric test and the CLT test. In the case of the hypergeometric test, for each MIPS functional category, the minimum P-value over all different cut-offs was selected. The dotted diagonal line represents identical enrichment values for both methods
Comparison to GSEA
Similar to the CLT test, GSEA uses all gene scores of a gene set to compute enrichment and does not place a threshold on these scores. The first implementation of GSEA (Mootha et al., 2003) only uses the ranking of the genes based on their scores to compute enrichment values. The goal of GSEA is to determine whether the members of a gene set tend to occur toward the top or the bottom of the rank-ordered list of genes. For this, a Kolmogorov-Smirnov statistic (KS) is computed. In a later version (Subramanian et al., 2005) , the scores are used as weights, resulting in a weighted KS.
Permutation tests are performed to compute an empirical P-value by counting the number of times the KS, as computed on a permuted data set, exceeds the original KS. In GSEA this permutation takes place on the class labels of the microarray data set under investigation. This is in contrast to the CLT test, which assumes gene sets that are randomly drawn from the genome and is equivalent to permuting the gene labels. This results in a different hypothesis being tested. (This fact is overlooked by Kim and Volsky (2005) , where also a Z-score for a gene set is computed, in their case using the fold change between two condition as gene scores. Here, we will not address the theoretical concerns of this issue. For that discussion, we refer to Tian et al. (2005) and Efron and Tibshirani (2007) ).
Figure 5
Boxplot of the ranks of the most highly enriched MIPS gene sets according to the hypergeometric test. For each P cutoff a ranking of the gene sets was derived on the basis of their enrichment P-value obtained with the hypergeometric test. These outcomes are represented by the boxplots. Also, a ranking of the MIPS gene sets based on the CLT test was derived (based on the Z score). These ranks are denoted by the filled circles
For our comparison, we employed the breast cancer microarray dataset of van de Vijver et al. (2002) , which contains genomewide expression measurements for 258 patients (65 with poor prognosis, 193 with good prognosis). For all (24481) genes, the Pearson correlation between the class labels and expression pattern of a gene was computed.
We compare:
• The normalised version of GSEA of Mootha et al. (2003) (implementation of Subramanian et al. (2005) with p = 0) to the CLT test using the ranks (based on the correlations between the class labels and expression patterns) as gene scores
• GSEA of Subramanian et al. (2005) (p = 1) to the CLT test using the correlations as gene scores.
Furthermore, we apply both class label permutation and gene label permutation to compute GSEA's enrichment P-value. For GSEA we performed 1000 permutations.
From Figure 6 it is clear that the enrichment P-value from the CLT test and from GSEA are similar in the case of gene label permutation. There is, however, a large difference in the P-value range between both approaches. This is because the number of permutations determines the P-value resolution. The permutation scheme is computationally intensive and time consuming. (Remember that for the CLT test no permutations are necessary.) Additionally, in the case of class label permutation in combination with a dataset with relatively small classes (e.g., triplicate measurements of yeast cultivation experiments), the number of possible permutations is very limited, resulting in a low resolution P-value.
Figure 6
Comparison of the enrichment P-values for more than 2500 gene sets (with more than ten genes), obtained with both GSEA and the CLT test on the (van de Vijver et al., 2002) data. For visibility, the -log10(P-value) is given for the CLT test. The gene sets are derived from MSigBD (Subramanian et al., 2005) , Gene Ontology (Ashburner et al., 2000) and others. For GSEA, 10 3 permutations were performed. In these plots, GSEA P-values of zero were set to 10 −3 . The number in the upper right corner indicates the overlap of the 150 most enriched gene sets for both methods. The dashed line represents identical enrichment values for both methods
Activity profiles for a glucose pulse
In Kresnowati et al. (2006) , the global transcriptional response of the yeast S. cerevisiae to a glucose pulse was investigated. Initially, the yeast was growing in glucose-limited chemostats, where metabolism is fully respiratory, after which the glucose concentration was instantaneously increased. Triplicate samples were taken at t = 0, 30, 60, 120, 210, 300 and 330 seconds after glucose addition. Figure 3 and visualises the scenario used to derive the activity profile. In this TS_CLT case the score of a gene set at one time point (dark-grey squares) is compared to the scores of all genes at that time point (grey column). The left vertical axis indicates the enrichment P-value; the right vertical axis indicates the corresponding Z score. In Kresnowati et al. (2006) , Transcription and amino acid metabolism were related to the cluster of upregulated genes; Energy and C-compound and carbohydrate metabolism were related to the cluster of downregulated genes, all with P < 10
−14
Figure 8 Identical to Figure 7 , except now for four transcription factors. In Kresnowati et al. (2006) , Bas1 and Met32 were related to the cluster of upregulated genes with P = 5.94 × 10 −11 and P = 1.80 × 10 −3 respectively. Msn2 and Nrg1 were related to the cluster of downregulated genes with P = 7.50 × 10 −6 and P = 9.99 × 10 −4 respectively Here, we employ this time-course microarray dataset to create activity profiles of gene sets. First, we interpolated the expression profile of each gene using piecewise cubic spline interpolation (Bar-Joseph, 2004) , such that we have an expression level for each second after the glucose pulse. Next, we computed the log 2 fold-change between the expression level at each time point and the expression level at t = 0. These log 2 fold-changes are used as gene scores in our algorithm. The employed gene sets are the MIPS functional categories (Ruepp et al., 2004 ) and the binding targets of known transcription factors (Harbison et al., 2004) . In Kresnowati et al. (2006) , these gene sets were related to one of two clusters, i.e., a cluster of upregulated and a cluster of downregulated genes, through the hypergeometric test. In contrast, with our approach we create a unique activity profile for each gene set without clustering the genes beforehand. Figures 7 and 8 display activity profiles for some functional categories and transcription factors that were over-represented in one of the clusters of Kresnowati et al. (2006) . In general, we found that gene sets with a larger hypergeometric test P-value in Kresnowati et al. (2006) , had a larger maximum enrichment value in their activity profiles. Furthermore, since we create a unique profile for each gene set in stead of relating a gene set to the upregulated or downregulated cluster, we are able to detect differences in the transcriptional response time after the glucose pulse for different gene sets. For example, the targets of stress responsive element transcription factors, Msn2 and Msn4, which are part of the glucose-sensing pathway (Gelade et al., 2003) are downregulated at an earlier stage than Nrg1 and Sko1, which are involved in glucose catabolite repression (Rep et al., 2001; Berkey et al., 2004) . See Figure 8 . (Results for Msn4 and Sko1 and not shown, but are very similar to Msn2 and Nrg1, respectively). These results provide clues towards the dynamics of the glucose-induction signaling and high osmolarity MAPK signaling pathways in Saccharomyces cerevisiae as recently reconstructed in Yalin Arga (2007) . Another notable observation is that genes involved in amino acid metabolism have a higher log 2 fold-change w.r.t. the glucose-limited steady-state (t = 0) compared to the other genes in the genome, already from right after the glucose addition. In Kresnowati et al. (2006) , it was established that there is no or only very little transcription response until between 120 to 210 seconds after the pulse, when major transcriptional changes start to occur. Thus, when applying the CLT test by computing the mean and variance over all gene scores at all time points (G_CLT), enriched gene sets at the earlier time points are no longer found significant. See Figure 9 . This is because the variance over the log 2 fold-changes at all time points is larger than the individual variances for the earlier time points, thereby shrouding these subtle variations and only uncovering the global patterns. In general, profiles derived with G_CLT and TS_CLT will exhibit significant differences, when during the time-course there are large changes in the overall activity of the transcriptome. 
Activity profiles for yeast's cell cycle
The TS_CLT test was applied on the cell cycle microarray dataset of Spellman (1998) . In this work, yeast cultures were synchronised using three different methods: α factor arrest, elutriation and arrest of a cdc15 temperature-sensitive mutant. Also the data of Cho et al. (1998) was included, where the cultures were synchronised using a cdc28 mutant. Log 2 fold-changes were obtained by comparison with gene expression measurements of asynchronous cultures of the same cells growing exponentially at the same temperature in the same medium. Again, we use these as gene scores to be input in the algorithm. In this case, no interpolation was performed. Activity profiles were derived for gene sets comprised of the binding targets of known transcription factors (Harbison et al., 2004) . To relate a time point to a cell cycle phase (M/G1, G1, S or G2/M), we applied the TS_CLT test to gene sets, which are comprised of genes that are known to be regulated in a particular cell cycle phase. These gene sets, which are determined by traditional methods, are also used in the methodology of Spellman (1998) . Time points were labeled with the cell cycle phase corresponding to the most highly upregulated gene set. For the cell cycle dataset, there are no significant differences between the results of G_CLT and TS_CLT. We compared the derived transcription factor activity profiles to the findings of Simon et al. (2001) . In this work, an attempt was made to identify the serial regulation of transcription factors in yeast's cell cycle. Regulators were related to a particular phase of the cell cycle using the 800 cell cycle related genes as found by Spellman (1998) . Figures 10 and 11 display the activity profiles of Ace2, Mbp1, Fkh2 and Mcm1, which according to Simon et al. (2001) are involved in the regulation of the (subsequent) M/G1, G1/S, G2 and G2/M cell cycle phases, respectively. Indeed, we obtain this pattern, which can be seen from the fact that the peak (and the rise) of the profile of Ace2 is followed by the peak of Mbp1, followed by the peaks for Fkh2 and Mcm1, after which the cycle begins again. Note that the profiles were generated using the log 2 fold-changes of all genes in the genome, and not by using the 800 cell-cycle related genes. Moreover, the cell-cycle phases, which are assigned to the time points using the TS_CLT test, correspond to the activity of the transcription factors, as determined in Simon et al. (2001) , thereby providing additional justification of the truthfulness and power of our analysis. 
Discussion
In this study, we have introduced a technique that employs time-course expression data to derive activity profiles, which represent the enrichment of a gene set over time. Since for each gene set a unique activity profile can be derived, differences in the activity of e.g., biological processes or transcription factors in terms of the degree of enrichment and timing can be analysed, thereby offering profound insight in (the hierarchy of) regulatory mechanisms. Other approaches have been proposed to derive an activity profile of e.g., a transcription factor (Ronen and Botstein, 2006) . However, their approach heavily relies on the complex modelling of the mRNA quantity and parameter estimation based on a-priori knowledge. Our algorithm, on the other hand, is a fast and easy tool in data interpretation of time course expression data. The underlying statistical test to assess the enrichment of a gene set is based on the central limit theorem. For each time point in the time-series, the CLT test evaluates the significance of the scores of the gene set with respect to all genes in the genome. Any type of score can be used. We have demonstrated that by choosing appropriate gene scores, we can obtain similar results in comparison to two widely-used enrichment tests, i.e., the hypergeometric test and Gene Set Enrichment Analysis (GSEA). The CLT test has the following advantages: In comparison to the hypergeometric test, no cut-off needs to be selected to dichotomise genes into differentially or non-differentially expressed genes or into clusters. Especially in the range of small P-values, the hypergeometric test is very sensitive to cut-off selection in the sense that a small change in the chosen cut-off can lead to large differences in the enrichment score. In comparison to GSEA, the time-consuming permutation scheme can be avoided.
